This paper presents a set of four econometric models to examine the tour and episode-related attributes (specifically mode choice, activity duration, travel times, and location choice) of the activity-travel patterns of non-workers. The paper is a sequel to an earlier work by the authors [see Bhat and Misra (1)], which presented a comprehensive continuous-time framework for representation and analysis of the activity-travel choices of non-workers. That paper also presented detailed descriptions of the first two components of the modeling framework related to the number and sequence of activity episodes. The current paper estimates the proposed models using activity-travel data from the 1990 San Francisco Bay Area travel diary survey.
White and Associates (12) ]. The paper concludes with a summary of the important results and scope for future research.
MATHEMATICAL FORMULATION
The analysis framework (see Figure 1 ) consists of one tour-level model (travel mode) and three episode-level models (morning home stay duration, activity duration/travel time and activity location). The tour-level mode choice model is modeled using a discrete choice formulation. The episode-level attributes include the activity duration of the episode, the travel time to the episode from the previous episode, and the location of each out-of-home episode (i.e., stop). Since the duration of the first home-stay episode is likely to be different from that of other subsequent home-stay episodes because of life-style and sleeping habits, this first home-stay duration is modeled separately using a hazard model. The reader will also note that travel time to this first home-stay episode is undefined since the individual is at home at the beginning of the day. Next, the travel time to the episode from the previous episode and the activity duration of the episode are modeled jointly for each non-first home-stay episode. Finally, the spatial location of each out-of-home episode (stop) is modeled using a disaggregate spatial destination choice model.
Travel Mode Choice (TMOD) Sub-Model
Travel mode is considered as a tour-level choice in our analysis framework because almost all tours maintained the same mode for all their trip legs [see Misra and Bhat (13) ]. A variety of nested logit models [see Ben-Akiva and Lerman (14) ] were tested for the choice of tour mode in our modeling framework, but we found a simple multinomial logit model to be adequate (i.e., the log-sum parameters in the nested logit models were not statistically different from 1). The nested choice formulations tested included:
• Personalized modes (drive alone and non-motorized modes) grouped together in a nest and other modes (shared ride and transit) grouped in a separate nest.
• Private modes (drive alone, shared ride, and non-motorized) grouped together in a nest.
• Motorized modes (drive alone, shared ride, and transit) grouped together in a nest and non-motorized modes (walk and bike) grouped in another nest. The alternatives in the mode choice model included driving alone, sharing a ride, transit, and non-motorized modes (bike/walk).
Morning Home-stay Duration (MDUR) Sub-Model
Define a continuous variable T i that represents the actual morning home-stay duration of nonworker i in the data set (this morning home-stay duration is measured in minutes from 3 a.m.). We consider T i to be unobserved, because the observed home-stay durations are integral multiples of five minutes (e.g., 5, 10, 15, 30, 60 minutes, etc.), leading to a substantial number of ties at these times. This is because respondents are reporting the timing of their home-stay durations by rounding-off to the nearest five-minute interval. Therefore, the observed home-stay duration data should be treated as interval-level data and a discrete model that retains an interpretation as an incompletely observed continuous-time hazard model should be used. Accordingly, let u represent some specified time on the continuous-time scale and let the discrete The hazard function for individual i at some specified time u on the continuous time scale, λ i (u), can now be defined using the proportional hazard specification [see Kiefer (15) ] as:
where λ 0 (u) is the baseline hazard at time u, q i is a column vector of exogenous variables for individual i (not including a constant), β is a column vector of parameters, and i ζ is an unobserved heterogeneity term. The unobserved heterogeneity term takes into account unobserved differences among the morning home-stay durations of observationally equivalent individuals.
Bhat (16) shows that the above equation can be written in an equivalent integral form as follows:
where ε i has a standard Gumbel distribution given as:
. Rewriting Equation (2) in terms of the observed discrete time period of failure of individual
, the probability that the discrete time period of failure of individual i is equal to k can be computed as:
where and .
The probability above is conditional on the unobserved heterogeneity term i ζ . Let v i
[=exp( i ζ )] be gamma distributed with a mean one (an innocuous identification assumption) and variance σ 2 . Then, the unconditional probability of failure of individual i in the discrete time period k is [see Bhat for derivation (16) 
The parameters to be estimated in the morning home-stay duration model are the (K-1) integrated hazard elements 's, the column vector of parameters β  , and the variance σ
the gamma mixing distribution [the shape of the hazard function can be obtained from the estimates of the integrated hazard elements; see Bhat (16) ]. A maximum likelihood approach is used for estimation.
Episode Duration/ Travel Time (EDUR-TT) Sub-Model
The episode duration and travel time equations for any individual i who undertakes an episode of activity j ( j = 1,2,…,J ) can be written as: is the correlation between the two error terms. We allow the error terms in the episode and travel time duration equations to be correlated to accommodate unobserved factors that impact these two decisions.
The equation system in (5) is in the form of a simultaneous regression equation system and can be estimated using a full information maximum likelihood method. The parameters to be estimated are the coefficient vectors j θ and j γ corresponding to the exogenous variables y ij and x ij , respectively, variances and , and the covariances 
Episode Location (ELOC) Choice Sub-Model
The ELOC model provides information on the spatial location at which each out-of-home episode is pursued by a nonworker. The model utilizes the distribution of travel times by the chosen mode to each activity episode (obtained in Section 2.3) to generate a probabilistic choice set of locations. Thus, the modeling system explicitly incorporates the spatial-temporal interactions in stop-making decisions, since episode duration and travel time to the out-of-home episode are jointly determined in the EDUR-TT model.
The (logarithm of) travel time to a stop is estimated as a continuous normally distributed variable in the equation system of (5). The first step in the probabilistic choice set generation model for location choice is to define discrete intervals on the logarithmic travel time scale. Let there be (M+1) discrete time intervals defined on the logarithmic time scale as follows:
. Consider an individual i at a particular zone and let t i be the logarithm of travel time to her/his next stop (in the current presentation of the ELOC model, we suppress the index for activity type j; the reader will note that the ELOC model is specific to each activity type). Let C im (m = 1,2,…,M) be the set of location zones z such that the travel time from the origin zone of the individual to these locations (by the chosen travel mode) falls within the interval . By definition, each destination location z can belong to one and only one C
im . From the distribution of t i determined in the EDUR-TT sub-model, we can write the probability of the choice set C im as:
where E(t i ) is the expected value of the logarithm of travel time duration for individual i, and is the estimated standard error of travel time duration. By construction, The conditional probability of choice of a particular location z from a given choice set C im can be modeled using a multinomial logit formulation:
where α is the column vector of the parameters to be estimated and w iz is a column vector of exogenous variables corresponding to destination z. The unconditional probability of choice of destination z is the product of the probabilities given by Equations (6) and (7). Let us now define a binary variable b iz that takes the value 1 if nonworker i chooses location z and 0 otherwise. To estimate the model parameters, we maximize the following likelihood function:
EMPIRICAL RESULTS
We now present the estimation results of the four sub-models presented in Section 2 for nonworker data obtained from the 1990 San Francisco Bay Area activity-travel survey. The sample comprises 2,048 nonworkers who are not students and who pursued at least one out-ofhome activity episode. The total number of tours during the survey day across these 2,048 individuals is 3,095. The total number of episodes, excluding the initial morning in-home stays is 8,156, while the total number of stops is 4,852 [see Bhat and Misra for a detailed description of the survey and the sample formation process (1)].
Tour Mode Choice (TMOD) Sub-Model
The results of the mode choice model are presented in Table 1 . In the category of household composition, the coefficients on household size, the number of children between 12-16 years, and the number of individuals between 17 and 21 years have to be interpreted jointly. The estimates indicate that an increase in the number of small children (<12 years) or adults (≥ 22 years) leads to higher use of ridesharing and non-motorized modes (this is reflected by the coefficient on household size). However, an increase in the number of children between 12-16 years of age increases transit use compared to the drive alone and non-motorized modes, and also reduces ridesharing propensity. The reduction in ridesharing associated with an increase in children between 12-16 years may be a reflection of teenagers wanting to be independent (and not wanting to be seen with their parents!). The results also indicate that an increase in adults between 17-21 years of age in the household leads to increased use of drive alone, perhaps due to the recently acquired ability to drive among individuals in this age group. Finally, in the category of household composition variables, an increase in the number of employed individuals reduces ridesharing of nonworkers in the household.
The household race and structure variables indicate the following: (a) Caucasians are significantly less likely to use transit compared to other races, (b) nonworkers in nuclear family households are more likely to ride share probably because they tend to pursue activities with their small children; however, the opposite is the case for single parents, perhaps reflecting a tendency to pursue non-work activities alone without children, (c) a nonworker in a single-parent family with at least one child greater than or equal to 22 years is predisposed toward transit use, presumably because of competition for the use of automobiles, and (d) nonworkers living alone are most likely to drive alone or bicycle/walk to activities, while nonworkers in roommate arrangements are more likely to use transit and non-motorized modes compared to drive alone and shared ride.
Among individual and household characteristics, the results show that women and older individuals (greater than 65 years) are more likely to share a ride. Income is a significant factor affecting mode choice, with individuals in low income-households more likely to use transit and non-motorized modes, while individuals in high income-households (>60k per year) are less likely to use a shared-ride mode relative to other modes. The impact of auto availability on mode choice was not found to be significant, after controlling for the effect of household income and number of workers in the household.
The pattern characteristics indicate that the presence of a high number of serve-passenger and personal-business activities during the day leads to a tendency to use a motorized non-transit mode for all tours of the day, while recreation activity (being often a group activity) leads to higher use of ride-sharing. An individual who performs only one tour during the whole day is very unlikely to use a non-motorized mode for this tour, since the expected heterogeneity of activity episodes in the tour may make the use of non-motorized modes inconvenient.
The impact of tour characteristics indicates a reluctance to use shared-ride and nonmotorized modes for a tour if personal-business or shopping stops are pursued in that tour, while tours with recreation stops are most likely to be pursued using shared-ride or non-motorized modes. This latter effect is likely to be a manifestation of joint recreational activity participation. Further, some of the recreational episodes may be exercise-related (walking, bicycling, jogging, etc.), which are pursued using non-motorized modes. Figure 2 presents the distribution of the baseline hazard on a continuous time scale for morning home-stay duration models for the cases without and with unobserved heterogeneity. We observe that while both baseline hazards are predominantly monotonic, the hazard for gamma heterogeneity increases at a considerably faster rate after a morning home-stay duration of around 480 minutes (corresponding to a clock time of 11 a.m.). Thus, the model without unobserved heterogeneity is not able to adequately capture the behavior of nonworkers for longer values of morning home-stay duration. This observation is also supported by the non-zero variance of the gamma distribution for unobserved heterogeneity in Table 2 (see toward the  bottom of the table) . Table 2 also provides the parameter estimates for the effect of exogenous variables on the hazard rate. A positive coefficient indicates a lower hazard rate (i.e., a longer morning home stay duration) and a negative coefficient implies a higher hazard rate (i.e., a shorter home-stay duration). This is because of the negative coefficient on β in the relationship between the hazard and exogenous variables (see Equation 1 ).
Morning Home-stay Duration (MDUR) Sub-Model
The results of the effect of the household composition variables need to be considered jointly. Nonworkers in households with several active adults (>16 years of age and non-retired) tend to depart later in the day for their first out-of-home activity (see the positive coefficient on household size). However, the situation reverses for non-workers in households with children and retired individuals (the appropriate effects are obtained by adding the coefficient on household size and the coefficients on "Number of children of age 5 to 16 years" and "Number of retired individuals in household"). The earlier departure from home for nonworkers in households with children and retired individuals may be attributed to time-critical serve passenger stops.
The effects of individual and household characteristics show that women and physically challenged individuals depart later in the day, possibly due to early morning engagements at home for women and longer preparation time to leave home for the physically challenged.
The effects of the pattern-level characteristics indicate that individuals with high activity levels (i.e., number of tours in the day ≥ 3) leave home earlier to be able to achieve their activity participation objectives during the day. Also, nonworkers who begin their sojourns from home with a child care or serve passenger stop leave home early, reflecting the time-critical nature of such activities. This effect of child care/serve passenger stops is particularly pronounced if a nonworker participates in such stops in two separate tours in the day (a "constrained" tour is defined as a tour with at least one child care/serve passenger stop). Finally, nonworkers pursuing a high number of recreation stops in the first tour leave earlier in the day (perhaps reflecting the need to accommodate the long episode durations of recreation stops), while nonworkers pursuing shopping as the first stop leave later in the day.
A comparison of the log-likelihood values at convergence and the log-likelihood value at the Kaplan Meier Sample hazard using a likelihood ratio test yields a statistic of 293, which is far greater than the chi-squared table value with 11 degrees of freedom at any reasonable level of significance. Thus, there is significant duration dependence in morning home-stay duration as well as significant variations in home stay duration due to individual factors.
Episode Duration -Travel Time (EDUR-TT) Sub-Model
The EDUR-TT sub-model provides estimates of the effect of variables on both episode duration as well as travel time to the episode from the previous episode. The log-likelihood value at convergence for the simultaneous linear equation system is -7467.366, while the log-likelihood value with no exogenous variables (except the constants) and independent episode and travel time estimations is -8894.69. The number of observations used in the estimation is 8156.
The parameters presented in the episode duration and travel time equations are estimated simultaneously and jointly for all the episodes of an individual. The sum of all the durations and travel times (across all episodes) was constrained to be no more than the time available from the departure of the first tour of the day until 3 a.m. the next day. The estimation results for episode duration and travel time duration are discussed in separate sections below for ease in presentation.
Episode Duration
Separate episode duration models for each activity type are estimated and presented in Table 3 . The results for home-stay duration indicate that the non-first home stay durations are determined exclusively by the overall activity and travel characteristics of individuals (i.e., the pattern and episode characteristics) rather than sociodemographics. This is different from the results for the first home-stay duration in the day (see Section 3.2), and supports our decision to model the first home-stay duration separately from subsequent home-stay durations in the day. The impact of the pattern characteristics indicates shorter home-stay episode durations for individuals with a high level of travel activity in the day. On the other hand, home-stay duration is longer if the number of serve passenger stops in the day increases, presumably reflecting long home-stays between dropping and picking up children/others in the household. Finally, in the home-stay duration model, the results indicate a shorter duration of non-first in-home episodes if the first home-stay in the day is long.
The duration of serve passenger episodes is not related to exogenous variables, except for the number of serve passenger stops in the day (see the third main column in Table 3 ). The results for personal-business episodes suggest longer durations for high-income individuals, perhaps reflecting larger and more time-consuming business transactions (see the fourth main column in Table 3 ). The total number of stops in the day has the expected negative effect for personal-business episode durations. Personal business episodes pursued using non-motorized modes are likely to be of short duration, perhaps because such episodes are pursued very close to home and can, therefore, be participated-in more frequently (the results for travel duration in the next section support this hypothesis). Finally, and as expected, the duration of personal-business episodes is shorter if the individual begins out-of-home activities late in the day.
The shopping episode results (fifth main column in Table 3 ) suggest a lower duration for older individuals, a higher duration for women (probably because they are primarily responsible for grocery shopping responsibilities in the household), and the usual negative effects on duration of high overall activity levels (see the coefficients on total daily stops and stops in the current tour) and a late start in the day. The modal effects suggest longer durations when shopping is undertaken using a shared-ride mode (reflecting, perhaps, longer durations of joint shopping activities) or transit modes (presumably due to transit-schedule constraints). The shorter shopping duration associated with non-motorized modes indicates secondary shopping episodes to pick up critical non-bulky grocery and other shopping items.
The results for the recreation activity purpose indicate that individuals who are mobilitychallenged spend lesser time on recreation activities. The other results are consistent with the notion of shorter durations for individuals with high overall activity levels and who begin their out-of-home activities later in the day.
Travel Time to Episode
The purpose-specific estimation results for travel time to an episode are presented in Table 4 . The results for travel time to a home-stay episode (i.e., travel time of the return-home trip in a tour) indicate short durations for non-workers with small children and long duration for Hispanic/Asian Americans. The former finding is perhaps a reflection of short trips due to efficient activity-travel patterns with young children. This interpretation is reinforced by the short travel time duration for non-workers in nuclear families (see the coefficient on nuclear family under household structure). The results also suggest the following: (a) retirees travel shorter durations on their return home, (b) high income individuals travel longer durations, (c) individuals with high activity levels travel shorter durations (this can be attributed to more efficient patterns, to reduce "dead-time" traveling back home), (d) individuals using shared ride travel for long durations on their return home, possibly reflecting a conscious decision to travel jointly for trips to activities far away from home, (e) individuals traveling by transit have a long duration of travel, which is likely to be an indication of the slower transit mode, and (f) individuals starting their out-of-home activities later in the day have a shorter travel duration.
As in the case of episode duration, travel time to serve-passenger episodes are not substantially affected by exogenous variables. For personal-business activity, African-Americans travel longer, possibly due to lower accessibility levels. The effects of all other variables are similar to those for the return home trip.
The results for shopping indicate longer travel time durations for Hispanic and Asian Americans, perhaps due to visits to specialized shops that sell ethnic goods. Other results are similar to those already discussed earlier for return home trips. The same is true for the results of travel time duration to recreation activity episodes.
The covariance between the episode and travel time durations due to unobserved effects is provided in the final row of Table 4 . These estimates indicate significant correlations for home-stay, serve passenger, and personal-business activity types. The covariance for home-stay episodes is negative, indicating that individuals responsible for substantial in-home chores (leading to long home-stay durations) organize their tours to minimize the "dead" travel time on the return home. The covariances for serve passenger and personal-business activities are positive, indicating that people may be willing to travel longer for activities of longer duration.
Activity Location (ALOC) Sub-Model
The travel time component of the EDUR-TT sub-model provides the distribution of the desired travel time for participation in episodes. As discussed in Section 2.4, we use this distribution to circumscribe the locations that an individual considers for participation. But the actual location is based on a choice model from among the locations in the individual's consideration set. The ALOC sub-model provides results characterizing this location choice. For this study, we considered all the zones within the San Francisco Bay Area to be potential candidate locations. Table 5 presents the estimation results of the ALOC sub-model. The population density of the attraction zone is used as an indicator of the zonal attractiveness of the candidate location. A zone size indicator (specific to each activity type) is used to represent the total number of available opportunities at each candidate location. The zone size is represented by the total area of the attraction zone (in acres) for serve-passenger activity, the total zonal employment (retail plus non-retail) for personal-business activity, the zonal retail employment for shopping activity, and the total zonal household population of the attraction zone for recreation activity. Travel impedance is defined based on the mode chosen and the time of occurrence of the activity. The impedance measure assumes a ratio of 1.75 between the values of out-of-vehicle and in-vehicle travel time based on an estimated trip-based mode choice model. In addition, a value of $4 per hour is used to convert all the costs into in-vehicle time units for computation of the impedance measure.
The estimation results for all activity purposes indicate that non-workers tend to choose locations that are not densely populated for their episode participations. This is perhaps because zones with lower population density are invested more in non-residential land uses and present more variety in opportunities for participation in non-work activities. The effect of the size variable indicates larger probabilities of choice of zones with larger size. Travel impedance has the expected negative effect on location choice, with the effect being most pronounced for personal-business and shopping activities and least for recreational activities. The interaction effects of impedance for the serve passenger purpose indicate lower travel impedance sensitivity for women and individuals with disabilities impacting transit use. For personal business, AfricanAmericans participate in locations which are farther away, perhaps a reflection of stronger locational preferences and/or less accessible locations. For shopping activity, we find that nonCaucasians and high income individuals (>60k) are willing to select locations with higher impedances. The results for recreation indicate choice of locations that are closer for Hispanic and Asian American individuals, individuals with disabilities, and high income individuals. These may reflect accessibility and mobility constraints.
SUMMARY AND CONCLUSIONS
The analysis of the activity-travel behavior of non-workers and a study of the factors influencing their travel-related decisions is an important element of a comprehensive household-level activity-based travel demand modeling system. This paper presents the formulations for four sub-models that form a part of an activity-travel pattern modeling framework for non-workers. The paper also presents empirical estimation results for data from the San Francisco Bay Area.
The empirical analysis results indicate the following: • Women, non-workers in households with young children, non-workers undertaking a higher number of tours/stops, and those departing late for the first tour exhibit greater temporal efficiency in their activity-travel patterns. The temporal efficiency is often achieved by undertaking lesser number of tours, departing later for the first stop of the day, choosing destinations closer to home, and reducing the return-home time at the end of tours.
• Presence of a serve-passenger activity tends to "constrain" the activity-travel pattern leading to an earlier departure from home in the morning, while nonworkers performing more shopping stops show greater flexibility in their activity-travel pattern.
• Caucasians are significantly less likely to use transit and do not have strong locational preferences for shopping activities. Recreational activity participation exhibits the highest usage of shared-ride and non-motorized modes. Individuals with disabilities tend to spend less time on recreation activity.
• Nonworkers choose destinations that are not densely populated. Travel impedance has a significant effect on location choice for all activity episodes.
It is important to note that the primary focus of this paper is to develop a better understanding of how the different activity-travel decisions of non-workers are influenced by their household characteristics, socio-demographics, and personal taste preferences. Subsequent research can extend this study by incorporating supply-side variables to study the impact of policy changes on the individuals' activity-travel behavior. Furthermore, the sequential organization of the three models in this paper is one of several alternative analysis sequences. The detailed examination of these various alternative sequences is an important area for future work on activity scheduling mechanisms.
In addition to the above extensions, several other venues for future research are also available. First, an econometric micro-simulator for analyzing and forecasting the daily activitytravel patterns of non-workers may be developed. The micro-simulator can be linked to a geographic information system (for data acquisition, storage, and retrieval) and can be coupled with a graphical user interface to serve as a comprehensive transportation planning tool. The authors have completed an initial version of such an econometric micro-simulator and have applied it to the Dallas-Fort Worth area [see Misra and Bhat (17) ]. Second, alternate model structures and/or error distributions may be tested in the mathematical formulations to achieve a better behavioral representation. The parametric structure of most of the models used in the current paper may be relaxed to develop semi-parametric or non-parametric models. Some of the medium-term decisions (e.g., residential location choice and auto ownership) that are assumed to be exogenous could also be incorporated within the modeling framework. Third, specific studies may be designed to further explore the approaches for achieving temporal efficiency, substitution effects between in-home and out-of-home activities, and day-to-day dynamics. Fourth, an integrated household-level representation and analysis framework that fully incorporates all the different inter-personal linkages between workers, students, and non-workers in a household would be a valuable avenue for future research. Future studies need to consider a more extensive set of land-use and urban form factors in influencing individual activity and travel patterns.
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